. Activity-based defining to the IQ dimensions In our analysis, we consider risks associated with two well-documented information quality attributes: accuracy and completeness. Accuracy is defined as conformity with the real world. Completeness is defined as availability of all relevant data to satisfy the user requirement. Although many other information quality attributes have been introduced and discussed in the existing literature, these two are the most widely cited. Furthermore, accuracy and completeness can be measured in an objective manner, something that is usually not possible for other quality attributes.
Overview of BDM and data warehousing
Business data mining (BDM), also known as "knowledge discovery in databases" (Bose & Mahapatra, 2001) , is the process of discovering interesting patterns in databases that are useful in decision making. Business data mining is a discipline of growing interest and importance, and an application area that can provide significant competitive advantage to an organization by exploiting the potential of large data warehouses. In the past decade, BDM has changed the discipline of information science, which investigates the properties of information and the methods and techniques used in the acquisition, analysis, organization, dissemination and use of information (Chen & Liu, 2004) .
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BDM can be used to carry out many types of task. Based on the types of knowledge to be discovered, it can be broadly divided into supervised discovery and unsupervised discovery. The former requires the data to be pre-classified. Each item is associated with a unique label, signifying the class in which the item belongs. In contrast, the latter does not require pre-classification of the data and can form groups that share common characteristics. To carry out these two main task types, four business data mining approaches are commonly used: clustering (Shao & Krishnamurty, 2008) , classification (Mohamadi, et al., 2008) , association rules (Mitra & Chaudhuri, 2006) and visualization (Compieta et. al., 2007) . As mentioned above, BDM can be used to carry out various types of tasks, using approaches such as classification, clustering, association rules, and visualization. These tasks have been implemented in many application domains. The main application domains that BDM can support in the field of information science include personalized environments, electronic commerce, and search engines. Table 2 . summarizes the main contributions of BDM in each application. A data warehouse can be defined as a repository of historical data used to support decision making (Sen & Sinha, 2007) . BDM refers to the technology that allows the user to efficiently retrieve information from the data warehouse (Sen, et al., 2006) . The multidimensional data model or data cube is a popular model used to conceptualize the data in a data warehouse (Jin, et al., 2005) . We emphasize that the data cube that we are referring to here is a data model, and is not to be confused with the well-known CUBE operator, which performs extended grouping and aggregation.
Application Approaches Contributions
Usage mining To adapt content presentation and navigation support based on each individual's characteristics. Usage mining with collaborative filtering
To understand users' access patterns by mining the data collected from log files.
Personalized Environments
Usage mining with content mining To tailor to the users' perceived preferences by matching usage and content profiles. Customer management To divide the customers into several segments based on their similar purchasing behavior.
Retail business
To explore the association structure between the sales of different products.
Electronic Commerce Time series analysis
To discover patterns and predict future values by analyzing time series data.
Ranking of pages
To identify the ranking of the pages by analyzing the interconnections of a series of related pages.
Improvement of precision
To improve the precision by examining textual content and user's logs.
Search Engine Citation analyses
To recognize the intellectual structure of works by analyzing how authors are cited together. 
Research contributions
The main contribution of this research is the development of a rigorous methodology to confirm the information quality risks of data warehouses. Although little formal analysis of this nature has been addressed in previous research, two approaches proposed earlier have influenced our work. Michalski, G. (2008) provides a methodology to determine the level of accounts receivable using the portfolio management theory in a firm. He presents the consequences that can result from operating risk that is related to purchasers using payment postponement for goods and/or services, however, he don't provide a methodology for deriving quality risks for the BDM (Michalski, 2008 (Cowell, et al., 2007) .
The cube model and risks
Basic definitions
A data cube is the fundamental underlying construct of the multidimensional database and serves as the basic unit of input and output for all operators defined on a multidimensional database. It is defined as a 6-tuple, ,,,,, CAf dOL where the six components indicate the characteristics of the cube. These characteristics are: 
O is a set of partial orders such that each i oO ∈ is a partial order defined on () i fc and OC = .
• L is a set of cube cells. A cube cell is represented as an , address content pair. The address in this pair is an n-tuple, 12 [i] . We now provide an example to clarify this definition. Subsequently, this will be used as a running example for the rest of the chapter. Consider a cube Sales which represents a multidimensional database of sales figures of certain products. The Sales cube has the following features (note the correspondence of the example to the definition above).
• The data are described by the characteristics time, product, location, and sales. Hence, the cube has a characteristics set C = { } product,time, address,sales (m=4).
• The time characteristic is described by the attributes day, week, month, and year; the product characteristic is described by the product_id, weight and name attributes; the location characteristic is described by the store_name, store_address, state, and region attributes. The sales characteristic is described by the store_sales and store_cost attributes. Thus, for the Sales cube, A= { day, week, month, year, product_id, weight, name, store_name, store_address, state, region, store_sales, store_cost } (t = 13).
•
Each of the characteristics, as explained in the previous item, are described by specific attributes. In other words, for the Sales cube, the mapping f is as follows: /.AC= year, product _ id, store _ address . 30,120 lCC = , corresponding to the structural components:
. store _ sales, store _ cost lCC = A possible cube using the data from above is shown below pictorially in Fig 1. Henceforth, we will work with cubes in the development of theory in this chapter. A tuple belongs to the incomplete set if it should have been captured into C but it is not. We denote the set of accurate, inaccurate, nonmember and incomplete tuples by C A , C I , C N , and C C respectively. Then, we use the notion of a conceptual cube T in order to understand the relationship between tuples in C and the underlying entity instances in the real world. Cube T consists of tuples as they should have been captured in C if there were no errors in an ideal world. Tuples in T belong to three categories as follows:
• T A , the set of instances in T that are correctly captured into C and thus remain accurate; • T I , the set of instances in T that are captured into C, and one or more of their nonidentifying attribute values are inaccurate or null;
• T C , the set of instances in T that have not been captured into C and therefore form the incomplete dataset for C.
Cube-level risks
Based on the above definitions, we define the following quality risks for a cube , is the probability that a tuple in L accurately represents an entity in the real world.
• Inaccuracy of C, measured as Pr ( ) II CL L = , is the probability that a tuple in L is inaccurate.
• Nonmembership of C, measured as Pr ( ) NN CLL = , is the probability that a tuple in C is a nonmember.
• Incompleteness of C, measured as ( )
, is the probability that an information resource in the real world is not captured in C. The data cube is a data model for representing business information using multidimensional database (MDDB) technology. The following example about a cube Sale illustrates these risks. Table 3 . hows the data stored in the feature class C, and 
0.44 0.44 0.11 0.11 Table 6 . Quality Profile for Cube C forms the address for C. The Tuple Status column in Table 3 . indicates whether a tuple is accurate (A), inaccurate (I), or a nonmember (N). Cells in C that are set in bold type contain inaccurate values, and the row set in bold type is a nonmember. Table 5 . describes errors in C, and Table 6 . provides the quality measures.
Risk measures for attribute-level
To assess the quality metrics of derived cubes based on the quality profile for the input cube, we need to estimate quality metrics at the attribute level for some of the relational operations. Let K C and Q C be the set of identifier and nonidentifier attributes of C. Furthermore, let k C and q C be the number of identifier and nonidentifier attributes, respectively. We make the following assumptions regarding the quality metrics for attributes of C. Assumption 1. Error probabilities for identifier (nonidentifier) attributes are identically distributed. Error probabilities for all attributes are independent of each other. Assumption 2. The probability of an error occurring in a nonidentifier attribute of a nonmember tuple is the same as the probability of such an error in any other tuple. Let Pr ( ) 
4. Cube-level risks for proposed operations
Selection operation
The selection operator restricts the values on one or more attributes based on specified conditions, where a given condition is in the form of a predicate. Thus, a set of predicates is evaluated on selected attributes, and cube cells are retrieved only if they satisfy a given predicate. If there are no cube cells that satisfy P, the result is an empty cube. The algebra of the selection operator is then defined as follows: 
We define a conceptual cube (denoted by U) that is obtained by applying the predicate condition to the conceptual cube T. U j denotes instances in T j that satisfy the predicate condition for j = A, I, and C. Fig 1. shows the mapping between the subsets of the conceptual and stored and cubes. We make two assumptions that are widely applicable. Assumption 3. Each true attribute value of an entity instance is a random (not necessarily uniformly distributed) realization from an appropriate underlying domain. We then have
UTC R
UA
Assumption 4. The occurrences of errors in C are not systematic, or, if they are systematic, the cause of the errors is unknown. This implies that the inaccurate attribute values stored in C are also random realizations of the underlying domains. It follows that
First, we consider the inequality condition. To illustrate this scenario, we use the cubes C and L C as shown in Table 3 . and Table 4 . Consider a query to retrieve tuples on feature class whose Customer_ID end with letters that evaluates to greater than "005". R and R C are shown in Table 7 . and 2, respectively. R A , R I , and R N refer to accurate, inaccurate, and nonmember subsets of R.
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After query execution, all accurate tuples satisfying the predicate condition remain accurate in R. Similarly, all selected inaccurate and nonmember tuples continue to be inaccurate and nonmember in R, respectively. Tuples belonging to the incomplete dataset L C that would have satisfied the predicate condition now become part of R C , the incomplete set for R. Therefore, there is no change in the tuple status for the selected tuples. The expected value of 
Projection operation
The risky projection operator restricts the output of a cube to include only a subset of the original set of measures. Let S be a set of projection attributes such that m SA ⊆ . Then the output of the resulting cube includes only those measures in C. The algebra of risky projection is defined as follows:
and a set of projection attributes C. Output:
A cube
where { } 12 ,,, n ss s S = .
Mathematical Notation:
Fig . 3 illustrates the mapping between tuples in C and R. The notation L I → A , L I → I , and L I → N refer to those inaccurate tuples in C that become accurate, remain inaccurate, and become nonmembers, respectively, in R. Each tuple in L I → N contributes a corresponding tuple to the incomplete dataset R C ; we denote this contribution by L I → C . We denote by p k and p q the number of address and content attributes of C that are projected into R. We estimate the sizes of the various subsets of R and of the set R C using the attribute-level quality metrics derived in Equality (1) and (2). These sizes depend on the cardinality of the identifier for the resulting cube, and whether or not these attributes were part of the identifier of the original cube. Let R k and R q denote the number of identifier and nonidentifier attributes of R. We further define the following:
Number of projected identifier attributes of C that are part of the identifier for R. 
Using the equality Pr ( ) 1 Pr ( ) Pr ( ) NA I RR R = −−, the nonmembership for R is obtained as ( )
The incomplete dataset R C consists of the two parts: (i) tuples resulting from L C and (ii) the inaccurate tuples in C that become nonmembers in R and contribute to R C .
Substituting C R in the definition of (6), after some algebraic simplification, this yields
Because Pr ( ) 1 Pr ( ) Pr ( ) 
Cubic product operation
The Cubic Product operator is a binary operator that can be used to relate any two cubes. Often it is useful to combine the information in two cubes to answer certain queries (which we will illustrate with an example). 
To evaluate the quality profile for the Cartesian product R of two specified cubes (say C 1 and C 2 ) , w e f i r s t n e e d a b a s i s t o c a t e g o r i z e tuples in R as accurate, inaccurate, and nonmember, and to identify tuples that belong to the incomplete dataset of R. To illustrate this, Let Feature and Employee Table are the two realized cubes with tuples as shown in Table 8 . and Table 9 . Table 9 . Actual Data Captured on Employee Table   The Cartesian product for Features and Employees (denoted by R) is shown in Table 10 . The incomplete set is denoted by R C and is shown in Table 11 . Tuples in R C are of two types: (a) tuples that are products of a tuple from Feature C and a tuple from Employee C , and (b) tuples that are products of an accurate or inaccurate tuple from Features (Employees) and a tuple from Employees C (Features C ). Formally, let C 1 and C 2 be two cubes on which the Cubic product operation is performed, and let R be the result of the operation. Furthermore, let t 1 be a tuple in C 1 (or C 1C ), t 2 be a tuple in C 2 (or C 2C ), and t be a tuple in R (or R C ). 
Product_ID Time_ID Customer_ID
12 12 12 12 12 Pr ( )
P r( )1 P r( ) P r( )1 P r( ) P r( )P r( ) From Equality (17), we can see that the accuracy of the output of the Cubic product operator is less than the accuracy of either of the input cubes, and that the accuracy can become very low if the participating tables are not of high quality. Nonmembership and incompleteness also increase for the output.
Reducing the information quality risk for a finance company
Introduction
This case was part of a project undertaken for an auto financing company (AFC) to predict the propensities of its customers to buy its profitable offerings. According to the framework proposed by Su et al (Su, et al., 2008; Su et al., 2009c) , the work presented in this chapter would be classified as a 'Pragmatics' information quality risk assessment. The quality risk was restricted to assessments of the data along the following three criteria.
• Accuracy risk: The extracted data had to be verified against the respective origins in the warehouse. The data in the warehouse were not assessed for accuracy.
•
Completeness risk: It is a critical data quality attribute, in particular for data warehousing applications that draw upon multiple internal and external data sources.
Consistency risk: The extracted data had to be consistent with the minimal information requirements for the project -as stipulated by the Project Regulation and as listed in the Information Requirements Document. Aberrations in the data discovered in the course of the assessment were documented and submitted to the warehouse administrators. However, an evaluation of the warehouse data was beyond the immediate scope(D. J. Kim, et al., 2008) . The main contribution of this case is the development of quantitative models to confirm the information quality risks in decision support for this finance company.
Key components of risk
We will use the framework in knowledge intensive business services (Su & Jin, 2007) to briefly review the key components of company risk. 1. Internal environment is the organization's philosophy for managing risk (risk appetite and tolerance, values, etc.); 2. Objective setting identifies specific goals that may be influenced by risk events; 3. Event identification recognizes internal or external events that affect the goals; 4. Risk assessment considers the probability of an event and its impact on organizational goals; 5. Risk response determines the organization's responses to risk events such as avoiding, accepting, reducing, or sharing; 6. Control activities focus on operational aspects to ensure effective execution of the risk response 7. Information and communication informs stakeholders of relevant information; 8. Monitoring continuously evaluates the risk management processes; For compliance-driven risk programs, information requirements play a central role in dictating the risk architecture. We provide a set of guidelines to this financial institution to perform risk-based capital calculations. To comply with these guidelines, AFC must show they have the data (and up to seven years of history) required to calculate risk metrics such as probability of accuracy, loss completeness and consistency, etc.
The quality risks
Upon examination of the Information requirements, and the associated extraction process, the focal points for the extraction process were identified as the following.
• Mappings: The data extraction required linking data from the business definitions, as identified by the Project Regulation, to their encoding for the warehouse. Quality risk required an examination of these mappings.
•
Parallel extraction: The extraction process for certain data was identical across the twelve product categories. Information quality could be assessed through examination of such data for a single product category for a single month.
Peculiar extraction: Certain data were peculiar to specific product categories. These data had to be examined individually for assurance of quality. Risk assessment comprised comparison of the extracted data with the parent data in the warehouse, and risks on the code used in the extraction. The risks on the 'mappings' were performed on the items in Table 13 .
QR1 Product identifiers
It was checked that the roll-ups from the granular product levels to the product categories were accurate.
QR2 Transaction identifiers
It was checked that the transactions used to measure the relationships among the finance company and its customers were restricted to customer-initiated transactions.
QR3 Time identifiers
It was checked that the usage of the time identifiers to collate data from the fact tables was consistent with the encoding.
QR4
Monthly balances per product category It was checked that the monthly balance for a certain customer in a certain product category was the sum of the balances for all the customer's accounts in that product category for the same month.
QR5
Valid accounts per product category
It was checked that the number of accounts held by a given customer in a given product category for a given month was calculated correctly. Once it was verified that the mappings, as identified by Table 13 , and had been accurately interpreted, the quality risks on the 'common extraction' items corresponded to verifying their extraction for a single month in any given product category. The quality risks for the 'parallel extraction' items were performed on the following.
The quality risks for the 'peculiar extraction' items were shown in Table 14 . The quality risks comprised the verification of the respective data as the cumulative over all the accounts held by the customer in the particular product category.
Quality risk assessment
The data mining analysis did not directly use all the variables listed in the information requirements. However, it is easily seen that the existence of inaccurate, null, inconsistency, and incomplete attribute values have a direct impact on the aggregate values. For instance, consider the following query on the Loans table shown in Table 15 . The query returns 286798 for the aggregate sum value. This, however, is not the true value because a) the inaccurate value 19,450 deviates from the actual value of 19,206; b) the inconsistency value 6400 contributes to this aggregate while it should not; c) the existential null value does not contribute to the sum while its true value of 3500 should; d) the values of 5200 and 7800 in the incomplete data set do not contribute to the sum while they should. Accounting for all the errors, the true aggregate sum value for this query is 65,500 which deviates about 23% from the query result. It is, therefore, essential that the number of inaccurate, existential null, inconsistency, and incomplete values for each attribute be obtained in order to adjust the query result for the errors caused by these values. Auditing every single value in a database or data warehouse table that typically contains very large numbers of rows and attributes is expensive and impractical. Instead, sampling strategies can be used to estimate these errors as described next.
Cust_ID Prod_ID
Strategies for reducing risk
In order to estimate the number of inconsistency, we draw a random sample without replacement from the set of identifier attributes of L and verify the number of accurate and inaccurate values; denoted by n k:A and n k:I , respectively; in the sample as shown in Fig. 3 . Let |L| denote the cardinality of L; let n k be the sample size; and let l k:A be the total number of accurate identifiers in L that must be estimated. The maximum likelihood estimator (MLE) of l k:C , denoted by :kC l , is an integer that maximizes the probability distribution of the accurate identifiers in L. This probability follows a hypergeometric distribution given by:
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Using the closed form expression we have:
: :
(1 )
where · is the ceiling for any given number. The MLE for the inaccurate identifiers in L (i.e., inconsistencys), denoted by :kM l is then given by:
(1 )ˆk
In non-identifier attribute sampling, as shown in Fig. 4 . The corresponding identifier values are also retrieved since the non-identifier attribute values find their meaning only in conjunction with their corresponding identifiers. Let l q:A , l q:I , and l q:N be the total numbers of accurate, inaccurate, and existential null values in q i with an accurate identifier that need to be estimated. Their MLEs, denoted by :q A l , :q I l , and :q N l , are integers that maximize the probability distribution of these attribute value types in q i . This probability function follows a multivariate hyper geometric distribution given by 
We propose using the Simple-Recapture sampling method to obtain an assessment for the size of the incomplete data set L C . For this purpose, we assume that |L| tuples have been sampled from T and :kA l is obtained and this sampling has been done twice. The MLE estimates for |L| and |L C | are then given by:
COUNT
COUNT is used to retrieve the cardinality of L or it functions on one of the identifier attributes, the true COUNT, denoted by COUNT T , is the number of tuples with accurate identifiers plus the cardinality of the incomplete set:
When COUNT operates on one of the non-identifier attributes, the true count is the sum of accurate, inaccurate, and incomplete values:
SUM
The distributions of attribute value types within their underlying domains affect the assessment of the true SUM value. Therefore, we assume that the attribute value types could have a uniform distribution depending on the error generating processes. We use :
kA λ for each value in the incomplete data set and the estimated true sum will be given by
When SUM operates on a non-identifier attribute, the estimate for the true SUM value can be obtained by substituting the inaccurate, existential nulls and incomplete values with λ q:A which is given by :: :
AVERAGE
The estimated true value returned by the AVERAGE function on an identifier (nonidentifier) attribute is given by the ratio of the estimated true SUM and true COUNT:
Quality risk initiatives
We present the nine key steps to successful deployment of an information quality program for a risk management initiative. 1. Identify the information elements necessary to manage credit risk. Identifying all the information elements and sources necessary to calculate company risk is no mean feat. Risk data such as QR1, QR2… QR10, for example, can each require the identification of several different product identifiers. 2. Define a information quality measurement framework. The key dimensions that data quality traditionally measures include consistency (21), completeness (24), conformity, accuracy(26), duplication(28), and integrity(30). In addition, for risk calculations, dimensions such as continuity, timeliness, redundancy, and uniqueness can be important. 3. Institute an audit to measure the current quality of information. Perform an information quality audit to identify, categorize, and quantify the quality of information based upon the decisions made in the previous step. 4. Define a target set of information quality metrics against each attribute, system, application, and company. Based on the audit results and the impact that each attribute, application, database, or system will have on the ability of your organization to manage risk, the organization should define a set of information quality targets for each attribute, system, application, or company. 5. Set up a company wide information quality monitoring program, and use data to drive process change. 6. Identify gaps against targets. The quality risks on the data discovered the following critical gaps. QR1 QR2 QR3 QR4 QR5 QR6 QR7 QR8 QR9 0.6 0.4 0.8 0.5 0.8 0.6 0.4 0.8 0. 2   Table 16 . Critical Gaps
The issues listed in Table 16 after verification with the finance company analysts and the warehouse administrators.
Other quality issues were unpopulated data fields and unary data. In each case, these gaps were communicated to the warehouse, but were considered non-critical and did not require immediate address.
Remarks
The main contribution of this work is the illustration of a quantitative method that condensed the task of verifying the credit data to ten quality checks. The quality checks listed here can be transferred to other prediction analyses with a few modifications. However, their categorization as 'mappings', 'parallel extraction' and 'peculiar extraction' is a general, transferable framework. This proposition is elucidated in a methodology below. We have provided a formal definitions of attribute value types (i.e., accurate, inaccurate, consistency, and incomplete) within the data cube model. Then, we presented sampling strategies to determine the maximum likelihood estimates of these value types in the entire data population residing in data warehouses. The maximum likelihoods estimates were used in our metrics to estimate the true values of scalars returned by the aggregate functions. This study can further be extended to estimate the IQ by the widely used Group By clause, partial sum, and the OLAP functions.
Case study for medical risk management
This section describes blood stream infection; we analyzed the effects of lactobacillus therapy and the background risk factors of bacteria detection on blood cultures. For the purpose of our study, we used the clinical data collected from the patients, such as laboratory results, isolated bacterium, anti-biotic agents, lactobacillus therapy, various catheters, departments, and underlying diseases.
Mathematical model
We propose entropy of clinical data to quantify the information quality. The entropy of clinical data is derived through modeling the clinical data as Joint Gaussian Random Variables (JGRVs) and applying the exponential correlation models that are verified by experimental data. We prove that a simple yet Effective Asynchronous Sampling Strategy (EASS) is able to improve the information quality of clinical data by evenly shifting the sampling moments of nodes from each other. At the end of this section, we derive the lower bound on the performance of EASS to evaluate its effectiveness on improving the information quality.
Entropy of clinical data
Without loss of generality, we assume clinical data from n different locations in the monitored area are JGRVs with covariance matrix C, whose element, ci,j , is given in the following:
Then, according to the definition of entropy of JGRVs, the entropy of the clinical data, H, is 1 log(2 ) det log 2
Where log Δ is a constant due to quantization. detC is the determinant of the covariance matrix, which is:
For the sake of simplicity, we do not elaborate on the closed-form expression of the entropy. However, we will show, in the following, how to improve the information quality through increasing the entropy of clinical data.
Quality improvement
In the discussion on correlation model, we show that asynchronous sampling is able to produce less correlated data compared with synchronous sampling. With the entropy model based on correlation coefficients, the following discussion further explains that the information quality of clinical data improves through asynchronous sampling. Here, we quantify the information quality using entropy of the clinical data. Then, we need to proveĤH ≤ , where Ĥ is the entropy with respect to asynchronous sampling and H is that of synchronous sampling. Therefore, we have the following theorem and its proof: 
As the entropy of sensory data increases after applying asynchronous sampling, we conclude that asynchronous sampling is able to improve the information quality of sensory data if the sensory data are temporal-spatial correlated.
Asynchronous sampling strategy
Through quantifying the information quality of sensory data, we show that asynchronous sampling can improve information quality by introducing non-zero sampling shifts. Instead of maximizing entropy through asynchronous sampling, we propose EASS that assigns equal sampling shifts to different locations. Given a set of sensors taking samples periodically, the sampling moments of the ith sensor is ti, ti + T, ti + 2T, … , where T is the sampling interval of the sensor nodes. Accordingly, we define the time shifts for sensor nodes, _i, as follows: 
Discussion and conclusion
Our methods can be used in hospital information system (HIS) analysis environments to determine how source data of different quality could impact medical databases derived using selection, projection, and Cartesian product operations. There was a lack of insight in which element of medical information quality (MIQ) was most relevant and a lack of insight into how implications of MIQ could be quantified. Our method would be useful in identifying which data sets will have acceptable quality, and which one will not. Based on this chapter four conclusions can be drawn:
• The formulation of the conceptual and mathematical model is general and therefore widely applicable.
•
The model provides risk detection discovers patterns or information unexpected to domain experts • The model can be used to a new cycle of risk mining process • Three important process: risk detection, risk clarification and risk utilization are proposed. The case study illustrated that the model could be parameterized with data collected from contractors through a database. Once parameterized with acceptable preciseness, applications valuable for society may be expected.
Conclusions
Our analysis can be used in business data mining environments to determine how source data of different quality could impact those DM derived using Restriction, Projection, and Cubic product operations. Because business data mining could support multiple such applications, our analysis would be useful in identifying which data sets will have acceptable quality, and which ones will not. Finally, our results can be implemented on top of data warehouses engine that can assist end users to obtain quality risks of the information they receive. The quality information will allow users to account for the reliability of the information received thereby leading to decisions with better outcomes.
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